INTRODUCTION {#SEC1}
============

Each year, there is a significant number of children worldwide suffering from the misdiagnosis and ineffective treatment for various diseases. Pediatric diseases have unique characteristics with a large portion of genetic diseases. Pediatric patients at their early ages are unable to describe their feelings clearly, which hurdles clinicians to make correct diagnoses. Many new techniques available for the diagnosis of adult diseases are difficult to be applied in pediatric patients. On the other hand, incorrect and delayed diagnoses frequently occur among pediatric patients. Therefore, a standardized description and diagnosis for pediatric diseases, and community-wide sharing clinical standards are essential to improve effectiveness of clinical applications.

The main challenge in systematic investigations of diseases is to translate information achieved from unstandardized clinical records to standardized and well-structured data ([@B1]). Over years, with increasingly in-depth studies in human diseases, new approaches for pediatric disease investigations have been developed. For example, researches have shown that the comparison study between pediatrics and adult diseases is one of the efficient ways to uncover the pathology or new subtypes of a specific disease, especially in genetic diseases and cancers ([@B2],[@B3]) which has drawn a widely public attention in pediatric diseases. Meanwhile, along with the increasing awareness of pediatric diseases, much effort has been devoted to conduct preclinical and clinical researches in pediatrics. Although pediatric patients could gain significant benefits from these studies, the progress in pediatric disease research still significantly remains behind the studies in adult diseases. Efforts are needed in integrating, annotating and sharing of information in pediatric diseases ([@B4]).

Recently, precision medicine has opened a new door in disease treatment, but its practices mainly depend on two factors: the precisely personalized medicine trial and a close tracking of clinical manifestations, including symptoms and phenotypes ([@B5],[@B6]). To apply precision medicine in clinical treatment, it is necessary to combine clinical-pathological data with state-of-art molecular profiling, and use these resources to precisely produce individuals' diagnostic, prognostic and therapeutic strategies. Although multiple electronic and administrative databases have been built ([@B7],[@B8]), the heterogeneity of terms and the incompleteness of contents are generally existing in these sources, which significantly hinders the data sharing and exchange. Thus, a standardized pediatric disease database is urgently needed since it could offer a platform to integrate clinical and molecular data for clinicians to make a diagnosis and a treatment plan more efficiently. To achieve this goal, we have extensively collected information of pediatric diseases from published medical literature and clinical data, and integratively annotated enriched clinical and molecular data for most pediatric diseases, and finally standardized and classified all the information via different patterns and approaches to generate a pediatric disease annotation system, namely the Pediatric Disease Annotations and Medicines (PedAM). This database should be a valuable resource for researchers and clinicians to conduct studies and practice in pediatrics.

DISEASE DEFINITION {#SEC2}
==================

Disease name unification and cross-linkages {#SEC2-1}
-------------------------------------------

Standardization of disease names in pediatrics is the first step for the data integration, sharing and exchange, which can facilitate better communication and diagnosis of pediatric diseases ([@B9]). Considering the ubiquity of lexical heterogeneity in the realm of pediatric disease, a well-structured, completed lexicon of pediatric diseases is necessary ([@B10]--[@B12]). However, there is no a standard or a standardized disease category for pediatrics currently. We integrated the disease list from the following sources: (i) Medscape ([@B13]), including both pediatric disease records/conditions and articles; (ii) Dermatology Online Atlas (DermIS) ([@B14]), the atlas of pediatric dermatology; (iii) Case reports from both PubMed and PMC articles in MEDLINE (published from 2010 to 2015), with the reported ages ranging from 0 to 16 years old ([@B15],[@B16]). We then mapped the disease names together with their alias strings to the Unified Medical Language System (UMLS) ([@B17]) to complete the textual unification. As a result, 8528 disease terms were added to the PedAM, containing 4542 unique disease concepts (Figure [1C](#F1){ref-type="fig"}) and 3986 alias strings. Considering the term usage variations in disease names and their identifiers (IDs), we mapped all the disease terms (including synonyms) among the currently controlled vocabularies and databases, including Online Mendelian Inheritance in Man (OMIM) ([@B18]), Disease Ontology (DO), international classification of diseases---version 10 (ICD10), UMLS, Medical Subject Headings (MeSH) and Systematized Nomenclature of Medicine---Clinical Terms (SNOMED-CT) (Figure [1B](#F1){ref-type="fig"}). Different pediatric disease identifiers mapped from the above databases were added as cross-reference (Xref) annotations.

![(**A**) Text-mined result coverage. Left panel shows the comparison of text-mined sentences containing symptoms from abstracts and full-text articles. Right panel shows the comparison of text-mined sentences containing phenotypes from abstracts and full-text articles. The *y*-axis represents the number of sentences containing disease-related phenotypes for each disease. DS stands for Disease-Symptom pairs while DP stands for Disease-Phenotype pairs. (**B**) Overlaps among different disease resources. The symmetric matrix shows the number of overlapping diseases between all pairs of primary name sources according to PedAM mapping. Colors and numerals represent the overlapping degree in disease counts. Source abbreviations: DO---Disease Ontology. (**C**) Overlaps among the major disease sources. Venn diagram for the major sources of disease names in PedAM. (**D**) Overlaps among the major gene sources. Venn diagram for the major sources of disease related genes in PedAM. (E) (a) Statistics of diseases and D-M pairs which have phenotypic annotation between existing databases and text mined literature. (b) Distributions of disease-phenotype associations between existing databases and text-mined literature. The *x*-axis represents diseases which phenotypic annotation comes from both existing databases and literature, while *y*-axis represents the proportion of disease corresponding phenotypes. (c) Distributions of disease-symptom associations between existing databases and text-mined literature. The *x*-axis represents diseases which phenotypic annotation comes from both existing databases and literature, while *y*-axis represents the proportion of disease corresponding phenotypes.](gkx1049fig1){#F1}

Currently, the PedAM provides users with two ways for disease querying---precise disease search and fuzzy disease search. When querying diseases through precise search engine, users can search diseases by their name strings or IDs in UMLS, Orphanet and OMIM.

DISEASE ANNOTATION {#SEC3}
==================

Each disease term in the PedAM is annotated by eight aspects, including descriptions, synonyms, symptoms, genes, genotypes, Xref, human phenotypes and its corresponding phenotypes in the mouse (MPO).

Disease descriptions {#SEC3-1}
--------------------

To disambiguate the meaning through different disease terms, a definition/short description for each disease is provided. For maximizing the description coverage of all the diseases in the PedAM, we extracted description/definition information from MRDEF.RRF file in UMLS (2017AA), OMIM, DO ([@B19]) and DermIS. Up to now, 3916 out of the total 4542 unique disease concepts in PedAM have their corresponding descriptions.

Disease symptoms and phenotypes {#SEC3-2}
-------------------------------

A phenotype, the expression of an organism's genotypes, is a collection of observable manifestations of genotypes. Accurate disease manifestations (phenotypes and symptoms) and adequate clinical records are critical for classifying, uncovering pathogenesis and finding new therapy for diseases ([@B3]). Given that phenotypes in HPO can realize a large-scale computational analysis of the human phenome ([@B20]), we defined terms from Human Phenotype Ontology (HPO) as 'Phenotype', while other manifestations as 'Symptom'. The PedAM obtained symptom and phenotype information from the following sources: (i) HPO (version 2017) ([@B20]); (ii) DO symptoms, using the 'has symptom' relationship; and (iii) MRREL.RRF in UMLS (2017AA). To ensure the high precision and integrity of results, a pattern based text mining approach that leverages external knowledge and limits the amount of human effort is adopted ([@B21]). We text mined the abstracts and full-text articles (from year 2010 to 2015) in MEDLINE. In total, 388 732 sentences together with 114 542 unique D-M (containing disease-phenotype and disease-symptom) annotations were generated. All the text mined results were curated manually. To evaluate the coverage of the text-mined D-M pairs, we calculated the number of unique D-M pairs extracted from articles with different sizes to observe the saturation trend. The extracted pairs from both abstracts and full-text articles showed a high coverage of phenotypic annotations of pediatric diseases, while full-text articles contained more phenotypic and disease information than abstracts (Figure [1A](#F1){ref-type="fig"}). All the Disease-Phenotype (D-P) and Disease-Symptom (D-M) corresponding sentences together with their PubMed identifiers (PMIDs) for each pediatric disease were provided in the PedAM.

Phenotype and symptom annotations in the PedAM are represented separately. Annotations generated by HPO terms are shown in 'Phenotype', while others are shown in 'Symptom'. Records in both phenotype and symptom contain information integrated from currently existing databases as previously mentioned and relevant text mining, resulting in the maximum phenotypic information for pediatric diseases (Figure [1E](#F1){ref-type="fig"}).

To show possible molecular mechanisms of a disease in a more intuitive way, we display the phenotype and gene based disease connections for each disease. The PedAM provides the top 10 closely connected diseases for each retrieved disease based on shared phenotypes or genes. In addition, users can also check the connections between any two diseases of interest. The systematic collection of disease symptoms and phenotypes can help clinicians to distinguish diseases with similar symptoms in clinical practice.

Disease genes and genotypes {#SEC3-3}
---------------------------

The associations between genes and novel phenotypes identified by NGS necessitate the re-annotation of human disease-causing genes ([@B22]). In this study, we collected disease-gene associations from several existing databases (Table [1](#tbl1){ref-type="table"}). To make a better classification, we divided all these associations into three categories: curated (data manually curated by experts or validated by experiments), text mined and inferred disease-gene associations. In total, the PedAM contains 571 450 disease-gene association records currently, including 20 003 genes and 3133 diseases.

###### Disease-gene association resources

  Genotype resource                                                                          Access linkage                                         Counts
  ------------------------------------------------------------------------------------------ ------------------------------------------------------ ---------
  ***Curated Information---data manually curated by experts or validated by experiments***                                                          
  [Orphanet]{.ul}                                                                            <http://www.orpha.net/>                                2257
  [OMIM]{.ul}                                                                                <http://omim.org/>                                     123
  (Online Mendelian Inheritance in Man)                                                                                                             
  [UniProtKB]{.ul} ([@B53])                                                                  <http://www.uniprot.org/>                              477
  (UniProt Knowledgebase)                                                                                                                           
  [ClinVar]{.ul} ([@B54])                                                                    <https://www.ncbi.nlm.nih.gov/clinvar/>                938
  [GHR]{.ul} ([@B55])                                                                        <https://ghr.nlm.nih.gov/gene/GHR>                     4398
  (Genetics Home Reference)                                                                                                                         
  DisGeNET ([@B56])                                                                          <http://www.disgenet.org/>                             10 255
  ***Text mined information***                                                                                                                      
  DISEASES ([@B57])                                                                          <http://diseases.jensenlab.org/>                       515 378
  ***Inferred information---predicted by protein interaction and phenotype network***                                                               
  [CIPHER]{.ul} ([@B58])                                                                     <http://bioinfo.au.tsinghua.edu.cn/jianglab/cipher/>   25 969
  (Correlating protein interaction network and phenotype network to predict disease genes)                                                          
  ***In total---total number of disease-Gene associations***                                 520 537                                                

Counts stand for the pediatric disease and gene associations extracted from designated resources.

The genotype information was archived from following sources: (i) publicly available databases: DisGeNET, GWASdb ([@B23]), LOVD ([@B24]) and PharmGKB ([@B25]); and (ii) datasets from Beijing Children's hospital. In total, the PedAM contains 169 841 gene variants records.

Drug {#SEC3-4}
----

To annotate drugs for each disease, we categorized two sets of data to extract disease-drug associations: the drug dataset was generated to archive chemical names from the DrugBank ([@B26]) and U.S. Food and Drug Administration (FDA) (<https://www.fda.gov>) drug database, while disease dataset was made from all the unique diseases in PedAM and their synonyms. We then extracted disease-drug pairs from Comparative Toxicogenomics Database ([@B27]). To keep the results precisely, we only included reserving marker/mechanism and therapeutic drugs in PedAM. Drugs and diseases were standardized by FDA chemical names and UMLS disease names. PedAM provides 10 063 disease-drug associations, including 1004 diseases and 483 drugs (chemicals).

Given the fact that drug dosage information is crucial in pediatric disease therapy and efforts have been made to distinguish differences of drug effectiveness and side effects (SE) between pediatric and adult patients ([@B28]--[@B31]), we also collected drug dosage and efficiency information from drug labels among FDA approved drugs for pediatrics. In total, 746 FDA approved drugs together with 397 drug dosage and efficiency information involved in 239 diseases were added to PedAM. Users can view this information through clicking the 'related drugs' button after retrieving the disease of interest.

DISEASE CONNECTIONS {#SEC4}
===================

Connecting diseases with similar pathological mechanisms can advance the understanding of the disease landscape and facilitate the mechanism-based exploring of new drug treatments ([@B32]). Usually, disease pairs sharing more affected genes or phenotypes are more likely to have similar pathological mechanisms ([@B33],[@B34]). Thus, we connected disease pairs in PedAM by two approaches: (i) phenotype-based approaches, by which we calculated the phenotypic vector similarity between every two diseases; and (ii) gene-based approaches, by which we calculated the associations of each disease pairs by adding up the uniqueness of their entire shared gene(s). Phenotypes and genes are generated from the existing databases or text mined data from MEDLINE. The calculation details were shown as below.

Calculation of phenotype-based disease similarity {#SEC4-1}
-------------------------------------------------

We computed phenotype-based disease similarity by calculating the phenotypic vector similarity between every two diseases as described in the previous research ([@B35]). We describe every disease ***j*** by a vector of phenotypes $\documentclass[12pt]{minimal}
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The cosine similarity ranges from 0 (no shared phenotype) to 1 (identical phenotypes).

Calculation of gene-based disease similarity {#SEC4-2}
--------------------------------------------

We adapted the equation for the calculation of the gene uniqueness-based disease similarity to calculate the gene-based disease similarity ([@B36]). The uniqueness of each gene *i* was calculated as follows: $$\documentclass[12pt]{minimal}
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Users can retrieve top 10 similar diseases based on either phenotype-based or gene-based similarity for each disease in PedAM. Moreover, disease connections using integrated data or all data (containing integrated data and text mined data) are all provided. In addition, to ensure the integrity of the gene-based disease network, we combined disease-gene associations from all three categories (curated, text mined and inferred), and obtained a gene-disease matrix connecting 20 003 genes with 3133 disease entries. The resulted associations extracted from the inferred and text-mined categories largely intensify the disease network, suggesting much complicated relationships among diseases.

Above two approaches built up connections among diseases in PedAM. Notably, when studying mechanism-based disease connectivity in pediatric disease, connections to other diseases are also very informative. Thus, we used the former disease definition method to integrate disease concepts from PedAM, DO and OMIM, which obtained 171 938 disease terms (including synonyms). We adopted the pattern recognition approach described above to mine the literature from MEDLINE database. In total, 8 488 796 abstracts and 774 514 full-text articles were text-mined respectively, resulting in 180 350 unique disease comorbidity pairs involving in 586 743 sentences. The text mining results were then manually curated by experts in Beijing Children's hospital. All the text mined sentences as well as their PMID are recorded in the PedAM.

DISCUSSION {#SEC5}
==========

Early diagnosis and treatment can obviously improve prognosis and life quality of patients. To facilitate the early diagnosis and treatment in pediatrics, and systematical investigation of disease pathologies or molecular mechanisms, standardized 'omics' data and understanding the connections among 'omics' data are always crucial ([@B37]--[@B39]). Precision medicine has been proposed to be the most effective strategy in current clinical applications, and big data based applications with artificial intelligence technology in clinical fields have also been considered as a great potential for accurate disease diagnoses. However, these promising applications greatly rely on data mining, sharing and exchange. Currently, one of the major challenges for the application of big data is the lack of uniformly structured data in clinical practice, because different Healthy Information Systems and different Electronic Medical Records are applied by different hospitals, and different vocabularies are used to describe clinical observations and treatment strategies by different healthcare providers. The high disparity in clinical data among hospitals and healthcare providers is a significant obstacle for the data sharing and downstream analysis. In addition, as there is a considerable amount of information stored in published articles and Electronic Health Records (EHRs), transforming them from unstructured descriptions to well-structured clinical data will efficiently benefit data analysis and application in clinical practice ([@B40]). Thus, comprehensively integrating multi-omics data from different resources is the first step to accomplish the goal ([@B41],[@B42]).

As a comprehensive platform for pediatric disease research and diagnoses, the PedAM provides enriched clinical and molecular annotations for 4542 pediatric diseases, containing 4893 human disease-related phenotypic terms, 26 332 mammalian phenotypic terms and 9840 symptoms from UMLS, in addition to 20 003 genes and 169 841 genotype records. Currently, each disease term in PedAM is annotated in eight aspects, including definition, synonyms, symptoms, genes, genotypes, Xref, human phenotypes and its corresponding phenotypes in the mouse (MPO).

To promote clinical data sharing and exchange for better diagnosis and treatment of pediatric diseases, we will continue to extract and standardize clinically related information regarding symptoms, phenotypes and case reports for pediatric diseases from published literature to further enrich our PedAM database. On the other hand, we have built up a cooperation relationship with *Science China Life Sciences* and *Pediatric Investigation* journals to promote data sharing. The database PedAM is designated as the data repository to host all the pediatrics related clinical data and research results published on both journals. For example, in the recently published thematic issue of rare pediatric diseases by *Science China Life Sciences* journal, all patient de-identified clinical data and molecular results have been stored in our PedAM ([@B43]--[@B52]). We believe that with more standardized clinical data and information accumulated in the PedAM, this platform will help medical professionals in this community to gain more knowledge, and make more accurate diagnoses for pediatric diseases. The database PedAM should greatly facilitate a better understanding of underlying mechanisms for complex pediatric diseases, which will ultimately benefit pediatric patients and their parents.
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